INTRODUCTION
India is the world's third largest economy in terms of purchasing power parity. According to Asian Development Bank (ADB), it is the world's fastest growing major economy with 7.3% growth rate in 2018-2019. Its progress is buttressed by dynamic reforms in the macroeconomic, fiscal, tax and business environments. It is seeking to achieve better growth by reshaping the policy approaches to human development, social protection, financial inclusion, rural transformation and infrastructure development. It is the dominant economy in the South Asia sub-region with its growth gaining momentum. Foreign Portfolio/ Institutional Investors (FPI/FII) have been one of the biggest drivers of India's financial markets and have invested around USD 172 billion in India between FY02-18. Highly developed primary and secondary markets have attracted the FIIs/FPIs in India. They are regulated by Securities Exchange Board of India (SEBI). Even the Indian mutual fund industry has shown an exponential growth in investment since 2003 (see Figure 1 ).
FIIs are investing in India via hedge funds, foreign mutual funds, sovereign wealth funds, pension funds, trusts, asset management companies, endowments, university funds, etc. In March 2019, the Initial 
LITERATURE REVIEW
The Efficient Market Hypothesis is defied by implementing relatively simple investment strategies like value, size and momentum. These simple strategies are found to deliver significantly higher returns than benchmark indexes. Market efficiency is even flouted if any simple strategy delivers similar returns, but at a systematically low risk. One such strategy is the low-volatility effect. Low-volatility effect indicates that over a period, less risky investments deliver higher risk-adjusted returns than more risky investments. The effect was first documented by Haugen and Heins (1975) . They found that systematic investment in a portfolio of low-volatility stocks over a period from 1926 to 1971 in the US equity market generate higher alpha than investment in a portfolio of high-volatility stocks. Even Black, Jensen, and Scholes (1972) observed that risk-return relationship was flatter than predicted by the Capital Asset Pricing Model (CAPM). It is obvious to expect higher returns from investment in high-risk asset, but within an asset class, low-volatility effect prevails. Black's proposal to Wells Fargo to commence an investment fund that systematically invests in low-risk stocks was rejected on the basis that the fund will not have any clientele (takers). Black's research was refuted for a long time. It was only after twenty years that Fama and French (1992) However, there are studies that even refute these findings. Scherer (2011) argues that a large part of the excess return of minimum variance portfolio over the benchmark portfolio is explained by value effect. Shah (2011) argues that low-volatility effect is due to heavily investing in low-risk industries. Bali and Cakici (2008) show that the decentralized investing approach motivates fund managers to increase their investments in high-risk stocks with an expectation to earn high returns and in turn increase their personal compensation. It also makes the fund managers focus on out-performing in the bull market than performing in the bear market. Behavioral biases such as the preference for lotteries, over-confidence and representativeness motivate investors to demand high-risk stocks. This leads to an increase in price for high-risk stocks and reducing their subsequent returns.
In literature, studies on low-risk effect differ on the ground of the method of portfolio construction and the choice of risk measure. These studies measure risk in terms of total volatility, beta, or idiosyncratic volatility. Many have created factors based on the risk measures either to explain or refute the low-risk effect. In recent times, the empirical findings of low-risk effect are so consistent that they are accepted as truth.
DATA AND METHODOLOGY

Data
At the end of every month, starting in January 1997 and ending in September 2018, we identify all constituents of the National Stock Exchange of India (NSE) and take these as our universe for that particular month. Returns are log-transformed in order to make them additive over time. The log-transformed excess returns are used throughout our analysis for all return calculations. Stocks with less than 12 months returns are weeded out. Also, we eliminate stocks that did not have a return in the month following the portfolio construction month (t + 1).
Methodology
At the end of each month (t), we construct quintile portfolios by ranking stocks on the volatility of past 36 month's excess returns. We construct portfolios from January 2000 to September 2018 resulting in the creation of 225 portfolios (225 months of study). P1 consists of low-volatile stocks, while P5 consists of high-volatile stocks. The performance of these portfolios is measured in t + 1. We calculated equally weighted returns of these portfolios. To make the study robust, we conducted the size and volatility study using three methods of portfolio construction.
Method 1
The first method creates portfolios using independent sort. The bivariate analysis uses double sorting of stocks. Stocks are sorted each month in ascending order on size to form quintile portfolios and then within each size quintile, they are re-sorted in ascending order of the stock's historical volatility. As a result, every month, we create 25 portfolios (5x5). P1 portfolio consists of small-size stocks, while P5 portfolio consists of large-size stocks. Bucket 'A' consists of low-volatility stocks and bucket 'E' consists of high-volatility stocks within a particular size quintile. The bivariate analysis is a robust non-parametric technique to evaluate whether the low-volatility effect is a separate effect or the one which is present only in small-size stocks (Bali, Cakici, & Whitelaw, 2011).
Method 2
The second method creates portfolios using dependent sort. Each month, stocks are sorted on size, from small-cap to large-cap, to create quintile buckets and within each size quintile, stocks are re-sorted on historical volatility. P1 to P5 are size quintiles with an equal number of stocks in each quintile. Within each quintile, 'A' to 'E' are the volatility quintiles. 'A' has stocks with the lowest volatility and 'E' bears stocks with the highest volatility. Then, every month, P1A, P2A, P3A, P4A and P5A are combined to create the low-volatility (LV) quintile. The same is repeated for all other quintiles. Thus, P1E, P2E, P3E, P4E and P5E are combined to form the portfolio of stocks with the high-volatility (HV) quintile. This helps to study the low-volatility effect controlling for size.
Method 3
The third method uses the Securities Exchange Board of India (SEBI) guidelines to segregate Indian stocks into large-cap, mid-cap and smallcap. SEBI has defined large-cap stocks as top 100 by market capitalization. Next 150 belong to the mid-cap size bucket, while the rest of the stocks belong to the small-cap size bucket. Each month, stocks are divided into these three groups. At the end of each month, we create quintile portfolios within each size bucket.
For all the methods mentioned above, portfolios are rebalanced with a monthly frequency throughout the analysis. For the resulting time series, we calculate the equally weighted excess portfolio return, standard deviation, Sharpe ratio, ex-post beta, CAPM style alpha and its t-value in the month t + 1.
We evaluate the performance of the portfolio returns using single factor CAPM style alpha using equation 1, Fama-French 3 factor alpha and Fama-French-Carhart 4 factor alpha using the equations (2) and (3) respectively. We use the equally weighted excess stocks returns of all the stocks listed on NSE as a proxy for the market. 
EMPIRICAL RESULTS
We discuss the results of our study in this section.
We report in Table 1 the excess annualized returns of the equally weighted portfolios created by ranking stocks on their historical volatility, the standard deviation of these quintile portfolios, annualized Sharpe ratio, ex-post beta, CAPM alpha with its statistical significance. In this univariate analysis, we observe that the returns monotonically decrease from the portfolio of low-volatility stocks (P1) to the portfolio of high-volatility stocks (P5). The standard deviation and ex-post beta of these returns increase from P1 to P5. The Sharpe ratio of P1 is greater than that of the benchmark index. It is negative for P5. The CAPM alpha is economically and statistically significant for all quintiles barring P4. The same stands true for all the long-short portfolio where we go long P1 and short P5. Table 2 reports the CAPM style alpha, Fama-French three-factor alpha (3F) and Fama-French-Carhart four-factor alpha (4F) with their statistical significance. The alphas are statistically significant for all quintile portfolios. Moreover, P1 delivers reasonable high alpha even after controlling for known factors like size, value and momentum. These results clearly defy the efficient market theory.
We also observe in Table 3 that 4F of P1 has negative significant loading on size, as well as value factor, whereas significant positive loading on momentum factor. So LV portfolio comprises largecap, growth and winner stocks. Therefore, neither size nor value premium can explain the economic and statistically significant alpha associated with the LV portfolio. Only a part of the CAPM alpha can be explained by the momentum factor. 
Note: The table reports three-factor (Fama-French) and fourfactor (Fama-French-Carhart) style regression coefficient analysis of extreme portfolios.
In Table 4 , we report the results of our first method to study the low-volatility effect controlling the size factor. The method creates 5x5 quintile portfolios of stocks first sorted on size and within each size quintile, re-sorted on historical volatility to create quintile portfolios. This bivariate analysis reveals that portfolios of low-volatility stocks across size quintiles deliver positive excess returns and vice versa. Note: The table reports CAPM alpha, three-factor alpha and four-factor alpha with their t-value of equally weighted portfolios formed by sorting on historical volatility of stock returns. Alphas are in percent. 5% significance is indicated in bold. Note: The 5x5 quintile portfolios are independently sorted first on size (market capitalization) and within each quintile resorted on volatility in ascending order. We calculate equally weighted returns of each portfolio. Similarly, we created longshort portfolios, which go long on low-volatility stocks and short on high-volatility stocks. We calculate equally weighted returns on these portfolios. Returns are annualized percent.
We observe that the ex-post beta of P5A (largecap stocks) portfolio is less than P1A (small-cap stocks) portfolio (see Table 5 ).
Also, the long-short portfolios within each size bucket (A-E) deliver exceptionally high Sharpe ratio (see Table 6 ) as compared to the Sharpe ratio of the benchmark index. Though the returns of the portfolio comprising of large-cap low-volatility stocks (5.93%) are lower than the returns of the portfolio comprising of small-cap low-volatility stocks (6.51%), its Sharpe ratio is higher (0.319) be-cause of less riskiness of large-cap stocks as compared to small-cap stocks.
Further, we analyze the CAPM style alpha, 3F and 4F alphas with their t-values of all these 25 portfolios created every month (see Tables 7, 8 and 9) . Again, we observe that all the portfolios of low-volatility stocks within all size buckets earn economically and statistically significant alphas even after controlling for known factors like size, value and momentum. The alpha is superbly high for longshort portfolios within all size buckets (LV-HV). The 5x5 quintile portfolios are independently sorted first on size and within each quintile re-sorted on historical volatility. We regress each portfolio's monthly excess return on the market excess return to find a full-period ex-post beta. Note: The portfolios are created by independently sorting first on size and within each quintile re-sorting on volatility. We regress each portfolio's monthly excess return on the market excess return, size, value and momentum factors. The table reports fourfactor alpha of these 5x5 and long-short portfolios. Alphas are annualized percent. 5% significance is indicated in bold. Note: The table reports the three-factor (Fama-French) regression coefficients of extreme portfolios created through independent sort on size and historical volatility with their corresponding t-value. 5% significance is indicated in bold.
The 3F and 4F factor coefficient analysis (Tables 10 and 11) rightly suggest that all P1 portfolios (P1A to P1E) consist of small-cap stocks and all the P5 portfolios (P5A to P5E) consists of large-cap stocks. The study also reveals that the portfolio of large-cap stocks consists of growth stocks, while the portfolio of small-cap stocks consists of value stocks. Moreover, the results reveal that portfolios consisting of low-volatility stocks pick up winner stocks across size buckets.
Tables 12-14 report the result of the second method adopted to create the size and volatility portfolios. Table 12 displays the risk and return of these dependent sort portfolios created by ranking on volatility while controlling for size. The trend of their return is like the one observed in Table 2 . CAPM alpha delivered by 'A' portfolio is 9.48% and decreases as volatility increases. It is also statistically significant.
The 3F and 4F alphas are also phenomenally high and also statistically significant (Table 13 ). This also proves that the low-volatility effect is not an overlap of any other established factor.
The regression coefficients of size factor in 3F and 4F analysis (Table 14) are rightly insignificant as the method of construction itself controls for size. The strategy re-confirms that the portfolio of low-volatility stocks picks winner stocks, but we also observe a contradiction to our earlier observation, where it picks growth stocks. Here, portfolio 'E' picks growth stocks instead. To explain this, Joshipura and Peswani (2018) observe that Note: The table reports the four-factor regression coefficients of extreme portfolios created through independent sort on size and historical volatility with their corresponding t-value. 5% significance is indicated in bold. Note: The table reports annualized equally weighted excess portfolio returns, standard deviation, Sharpe ratio, ex-post beta and CAPM style alpha with their t-value. Each quintile portfolio is created by sorting on volatility after controlling for size. We create dependent size-volatility portfolios. "A" are portfolios with low-volatility and "E" are portfolios of stocks with highest volatility controlled for size. Note: The table reports one-factor, three-factor and four-factor alphas along with their t-value for portfolios created by ranking on historical volatility controlling for size. Alphas are annualized percent. 5% significance is indicated in bold.
low-volatility effect enhances the returns from the portfolio of value, as well as growth stocks. So though the dependent sort method of portfolio creation chose value stocks in the portfolio of low-volatility stocks (results are insignificant), it delivers exceptionally high alphas.
The results established in Tables 15, 16 and 17 are of the third method of portfolio formation adopted to study the robustness of the low-volatility effect within and across various size buckets. We observe that investing in large-cap low-volatility stocks deliver comparatively higher risk-adjusted returns than investing in midcap or small-cap low-volatility stocks (see Table  15 ). Even the Sharpe ratio is the highest for the portfolio of large-cap low-volatility stocks, but lower than the long-short portfolio (P1-P5). The ex-post beta of large-cap P1 is the least, while the long-short portfolios deliver negative beta.
The CAPM style alpha, 3F and 4F alpha of P1 across size buckets are economically and statistically significant (see Table 16 ). Note: The table reports annualized returns, annualized standard deviation, Sharpe ratio, ex-post beta and CAPM style alpha with its t-value. We created quintile portfolios by ranking stocks on their historical volatility of returns. P1 consists of lowvolatility stocks, while P5 consists of high-volatility stocks with each size bucket of large-cap, mid-cap and small-cap. Note: The table reports three-factor and four-factor regression coefficient analysis of extreme portfolios sorted on historical volatility within each size bucket -large-cap, mid-cap and small-cap. 5% significance is indicated in bold. Stock price are adjusted for all corporate actions. Table 17 reveals that P1 of largecap and mid-cap size buckets pick winner stocks, while the results are insignificant for P1 of smallcap size bucket on the momentum factor. The statistically significant results also reveal that extreme quintile portfolios formed on volatility sorts of large-cap and mid-cap size buckets picks growth stocks, while small-cap size bucket picks value stocks, but here the results are statistically insignificant.
An analysis of
CONCLUSION AND FUTURE SCOPE
The study provides strong evidence of the existence of low-volatility effect in the Indian equity market.
Refuting the market efficiency theory, systematically investing in a portfolio of low-risk stocks deliver high returns than the benchmark index. We observe that within a particular asset class, it is possible to earn higher returns while taking low risk. To test the robustness of low-volatility effect across various size buckets, we controlled size using three methods, forming 5x5 independent size and volatility sorted portfolios (double sort), then again forming dependent volatility ranked portfolio controlled for size and later creating volatility ranked quintiles within each size bucket -large-cap, mid-cap and small-cap. We observe that the method of portfolio creation does not influence the low-volatility effect to deliver exceptionally high economical and statistically significant alpha. The alphas are positive and significant even after controlling for known factors like value and momentum. Thus, the empirical results reveal that low-volatility effect is an independent phenomenon and not an overlap of any of the established factors and is robust across size buckets. The portfolio of low-volatility stocks often picks growth and winner stocks. Investing in a portfolio of large-cap low-volatility stocks delivers the highest risk-adjusted returns than investing in a portfolio of mid-cap and small-cap low-volatility stocks. In future, the study can be conducted to observe the interaction of other established factors like value, momentum, profitability, investment, quality, short-term reversal, MAX with the low-volatility effect. This will help to study the existence or non-existence of the robustness of the low-volatility effect. We conclude with the claim that low-volatility effect is very strong and significant in the history of Indian capital markets and it will stay for a long time unless it becomes an overcrowded investment place. This can happen only if there is a change in the behavioral biases mentioned in literature explaining the perseverance of the low-volatility effect.
